Abstract-A novel methodology is proposed for identifying epileptiform discharges associated with individuals exhibiting Infantile Spasms (ISS) also known as West Syndrome, which is characterized by electroencephalogram (EEG) recordings exhibiting hypsarrythmia (HYPS). The approach to identify these discharges consists of three stages: first -construct the time-frequency domain (TFD) of the EEG recording using matching pursuit TFD (MP-TFD), second -decompose the TFD matrix into two submatrices (W, H) using non-negative matrix factorization (NMF), and third -use the decomposed spectral and temporal vectors to locate the epileptiform discharges, referred to as spikes, during intervals of HYPS. The method was applied to an EEG dataset of five individuals and the identification of spike locations was compared with those which were visually identified by the epileptologists and those obtained using commercially available clinical analysis software. The MP-TFD method resulted in average true positive and false negative percentages of 86% and 14%, respectively, which represents a significant improvement over the clinical software, which achieved average true positive and false negative percentages of 4% and 96%, respectively.
I. INTRODUCTION
Infantile spasms (ISS) refers to a catastrophic form of epilepsy occurring in infancy that is diagnosed based on the finding of hypsarrhythmia (HYPS) in EEG recordings combined with epileptic spasms [1] , [2] . HYPS is characterized by a chaotic and high voltage background with multifocal, discharges as depicted in Fig. 1 [3] , [4] . However, identifying this pattern of activity in a conventional EEG recording is challenging in the presence of HYPS due to the abundance of epiletiform discharges with varying focality and morphology [5] . An experienced electroencephalographer interprets an EEG by inspecting and approximating the characteristics of HYPS subjectively rather than through objective quantification. Due to complex nature of these signals, even experienced EEG readers tend to interpret HYPS differently, which can have serious implications in the treatment of the infant [5] . The aspects of the EEG signals that are amenable to quantification include frequency, amplitude, symmetry, and presence of stereotypical discharge patterns. This paper describes the development of a novel method that may assist † Rochester Institute of Technology, Biomedical Engineering Department. ‡ University of Rochester Medical Center, Department of Neurology. University of Rochester Medical Center, Departments of Pediatrics and Biomedical Genetics, Center for Neural Development and Disease. * Corresponding Author: Rochester, 160 Lomb Memorial Drive Rochester, NY 14623-5604. Email: bghoraani@ieee.org clinicians to successfully localize the epileptic discharges associated with ISS in HYPS. Such a method is deemed to be necessary for reliable evaluation of features associated with HYPS, which could potentially improve the assessment of infantile spasms which is of significant importance in the therapy, management and ultimately the success of the prescribed treatment.
Several algorithms have been developed to detect epileptic discharges during epilepsy. Some of those algorithms include temporal analysis based on template matching [6] and mimetic analysis methods [7] , or time-frequency (TF) method based on wavelet analysis [8] . However, those methods have been developed for epileptic discharge detection in EEG signals associated with other types of epilepsy and not in the presence HYPS. The existing methods are either based on supervised classifiers in which the presence of true spikes has to be readily available and identifiable to train the algorithm during a learning phase, or they are template based, which rely on pre-specified spike characteristics such as amplitude and duration of the discharges. Given the chaotic appearance of EEG during HYPS (see Fig. 1 ), the manual localization of true spikes is not always possible. The spikes of interest are characteristically non-uniform, which presents a challenge for temporal-based methods. Hence, there is a need to develop an unsupervised feature extraction and classification method to assist in localization of spikes with multiple foci and varying morphologies during HYPS. This paper describes a novel algorithm using time-frequency domain (TFD) analysis and non-negative matrix factorization (NMF) to extract TF features that can locate epileptiform discharges associated with ISS in the presence of HYPS.
II. METHODS
The proposed algorithm to improve spike detection in EEG in the presence of HYPS is based on TFD and NMF as shown in the diagram of Fig. 2 .
A. Dataset and Preprocessing
Five EEG recordings from infants (4-9 months old) diagnosed with ISS were used to evaluate the proposed spike detection algorithm in the presence of HYPS. Subject consent was obtained through the Infantile Spasms Registry and Genetic Studies via a protocol approved by the University of Rochester's Research Subjects Review Board. A 5 minute section of awake EEG was selected for each subject. All EEGs were recorded based on the international standard 10-20 system and recorded with sampling rates of 256 {1}, 500 {1}, and 512 {3} samples per second, where {.}s indicate the number of individuals involved. The recordings were imported to Persyst EEG software (Persyst, San Diego, CA) for artifact reduction and then were imported into MATLAB (Mathworks, Natick, MA) and bandpass filtered (0.5-30 Hz) for further analysis.
B. Time Frequency Domain analysis
Time-frequency domain analysis (TFD) provides a twodimensional energy representation of a signal in terms of its temporal and spectral content. The selection of an appropriate TFD method determines the resolution in both and time and frequency necessary to successfully represent signal features such as the spike morphologies of interest in this instance. For example, the short-time Fourier Transform is unable to preserve the transient energy associated with these spikes due to the method's inherent time and frequency resolution trade-off. In this paper, we apply a Matching Pursuit-TFD (MP-TFD) method [9] , which is a high resolution TFD method that lends itself to the analysis of the non-stationary and chaotic EEG associated with HYPS. The implementation of MP-TFD in this application consists of two stages. In stage one, it is used to decompose the EEG recording, x(t), over an overcomplete dictionary of atoms according to Eq, (1):
where R i x , g γi is the inner product of expansion coefficient on g γi (t), R I x is a residue signal after I iterations, and g γi is a TF Gabor atom obtained using Eq. (2):
where the notation γ i represents the TF decomposition parameters (s i , p i , f i , φ i ) denoted as scale factor, translation, frequency modulation and phase, respectively, at each iteration i, and g is the Gabor function described by g = 2 (1/4) e −πt 2 . In Eq. (1), signal x(t) is matching is attempted with all the possible atoms from a redundant dictionary, D = {g γ1 , g γ2 , ..., g γr }. At each iteration, the best correlated Gabor function is selected from the Gabor dictionary. If large enough numbers of iterations are used, then we can consider that the residue term can be ignored as most of the coherent energy of the signal has been modeled by the Gabor atoms. The second stage of constructing the result of the MP-TFD consists of summing the TFD of each decomposed Gabor atom as shown in Eq. (3):
where W gγi (t, f ) is the Wigner-Ville Distribution (WVD) [10] , [11] of each Gabor atom g γi (t), and MP is the matrix resulting from MP-TFD of the EEG recording, x(t). Given that the WVD provides the highest resolution TFD in case of mono-component signals, the result of the MP-TFD is also going to provide a TF resolution suitable for spike detection in the presence of HYPS.
C. Matrix Decomposition
As shown in Fig. 2 , we treat the result of the MP-TFD as a 2-D matrix, or image, MP, and apply a non-negative matrix factorization (NMF) technique [12] to it. NMF is a matrix decomposition method that has been successfully used in TF feature extraction applications [13] . As shown in Eq. (4), after NMF is applied to the resulting TFD matrix, MP M ×N , it is possible to approximate it in terms of spectral and temporal matrices W M ×r and H r×N , respectively.
where non-negativity of W and H is the decmposition constraint, M denotes the number of elements in the frequency domain, N is the length of signal, and r << min(M, N ) is the NMF decomposition factor. After an NMF decomposition, the MP-TFD matrix, MP M ×N , is decomposed into r pairs of spectral and temporal vectors, {w i , h i }, where i ∈ [1, 2, ..., r].
D. Feature Extraction
After the TF spectral and temporal vectors, {w i , h i }, are calculated in Eq. (4), the TF spectral vectors that are associated with the spectral structure of the epileptic spikes in HYPS are identified by calculating the values of the mean
where MF(w i ) is the mean frequency value of w i , i ∈ [1, 2, ..., r], M is the number of frequency samples in vector w i , and f s is the sampling frequency of the EEG recording.
The MF values provide a measure of the frequency content of the decomposed spectral vectors. Since HYPS spikes are generally associated with high frequency energy, the spectral vector with the highest MF value greater than a given threshold, T h w , is selected as the spectral vector corresponding to the spikes. As shown in Fig. 2 , we denote such spectral vectors as w * i .
E. Spike Localization
If any w * i are not found for a given recording, it indicates that there is not a spectral vector with a MF value greater than the threshold (T h w ) and that there are not spikes in the given recording x(t). However, if a w * i for a given EEG segment is found, then the index, i, of w * i is used to identify the location of the corresponding spikes. As shown in Eq. (4), each decomposed spectral vector, w i , is associated with a temporal vector, h i , that indicates the temporal locations where the spectral energy of w i exists in the MP-TFD matrix of the EEG recording of x(t). Once the spectral vector w * i that is associated with the spikes in EEG is identified, we can use the corresponding temporal matrix, h * i , to locate the spikes in x(t). To accomplish this, the peak locations of h * i that are greater than threshold T h h are identified, and annotated on the EEG recording as possible location of spikes.
III. RESULTS AND DISCUSSIONS
For each individual, two EEG sites, P 4 and O 2 , were selected to apply the algorithm . First, each 5 minutes EEG recording was divided into 30 10-second EEG segments, x(t) for computational efficiency. Fig. 3 illustrates the stepby-step process of the proposed algorithm for a given EEG segment. Fig. 3(a) shows a 10-second duration of an EEG recording from 60 to 70 seconds. The MP-TFD of the signal is shown in Fig. 3(b) . Analysis showed that I = 100 iterations in the matching-pursuit decomposition stage was sufficient to successfully model the EEG signal in the TF domain. The resolution of the MP-TFD is selected to be 0.15 Hz in frequency and 1/f s in time. Since there is no spike related information beyond 30Hz, the frequency domain was limited to that value. The M and N values for each MP-TFD are 200 and 10×60×f s . NMF is applied to the MP-TFD (i.e., MP) to obtain the spectral and temporal decompositions, W in Fig. 3(c) and H in Fig. 3(e) , respectively. The number of NMF decomposition factor (i.e., r) was selected to be 5 based on empirical analysis. The MF values were calculated for each vectors in W as shown in the table of Fig. 3 .
T h h was selected to be 0.015 for the threshold if the MF of w * i was between 6 Hz and 10 Hz (i.e., T h w ) and 0.010 if MF was greater than 10 Hz. These threshold values were selected empirically based on the visual inspection of the epileptology experts. In the example given in Fig. 3 , it can be observed that the vector w 3 shows its energy spreads over relatively high frequencies (i.e., 5-20 Hz). When the MF values were calculated, it was found that the 3rd spectral vector presented the highest MF with the value of 10.12Hz (i.e., w * 3 ) so the 3rd temporal vector in H (i.e., h * 3 ) was used to locate spikes. Vector h * 3 is demonstrated in Fig. 3(d) where the asterisks indicate the peak values greater than T h h and the corresponding time locations shown by the dashed lines locate the spikes in the EEG recording. In this case, all the detected spikes matched the epileptiform discharges that were marked by the epileptologist.
The developed algorithm was performed on the 5 minute recordings of all the five individuals and the located spikes were compared with the ones that were marked by the epileptologist. The total number of the located spikes that matched the epileptologist's marks is reported as True Positive (TP) in Table I , the total number of spikes that were missed by the algorithm is reported as False Negative (FN), and the number of spikes that were not confirmed by the epileptologist is reported as False Positive (FP). For example, in Fig. 3 , TP is 5, FP is 0, and there are no missed spikes (i.e., FN=0). Another example is shown in Fig. 4 where the algorithm located 7 spikes (see the dashed lines) and the epileptologist marked 6 spikes (the arrows on top of Fig. 4 ). There are five instances where the dashed lines and arrows line up, indicating that the algorithm and the epileptologist's interpretation correspond and TP is 5. At time 2.5 seconds, a discharge is missed (i.e., FN=1), and the algorithm located two non-spikes at times 3.95 and 9.5 second so FP is 2. The analysis of the five individuals is contained in Table I .
The analysis of the results obtained with the algorithm with the spike detection results obtained with the Persyst EEG software, an EEG monitoring software that is used by epileptologists for detection of spikes and seizures in Epilepsy Monitoring Units. The results of the two methods are displayed in Table I , where the number in the parentheses shows the number of spikes under each category. The TP percentage is calculated as the TP number divided by the total number of true spikes (i.e., TP/(TP+FN)) and the FP percentage is calculated by dividing the FP number divided by the total spikes detected by the algorithm (i.e., TFP/(TP+FP)). From the results in Table I , it can be seen that in average 86% of the spikes are successfully detected using the developed algorithm, while the Persyst software detected only 4% of the spikes, leaving 96% of the spikes undetected. Persyst employs the mimetic method, which is a temporal based method, to locate spikes and the accuracy of the method depends on the pre-specified spikes' parameters such as amplitude and duration. Since the HYPS spikes are highly chaotic and not well-characterized, the method has a significant limitation for spike identification. The proposed method considers both time and frequency structure of to locate spike waveforms. The MP-TFD that used in this analysis provides a high TF resolution that can significantly indicate the presence of spike activity and NMF clusters the spectral energy of the spikes in the spectral vector w * i and the temporal location h * i ; thereby, enabling the proposed algorithm to locate a significantly high percentage of the spikes. The relatively high FP of the algorithm (i.e., 53%) can be improved by using multiple montages of EEG; for example, epileptologists normally rely on both Referential and Bipolar montages for detection of epileptiform discharges while in our analysis we only used the Bipolar montage. By extending the algorithm to incorporate signals from multiple montages of EEG, improvement in performance is expected in our future work.
IV. CONCLUSIONS
In this study, a novel TF feature extraction algorithm based on MP-TFD and NMF for identification of spikes from EEG in the presence of HYPS was introduced. This approach utilizes TFD of the EEG recordings and NMF to effectively decompose the TFD into its underlying spectral and temporal components. It was shown that the decomposed spectral vectors associated with spikes show a high mean frequency value compared to the other components. This observation provided a motivation to locate spikes by identifying the peaks from the corresponding coefficient vector. This method was performed on a dataset collected from five ISS individuals, and exhibited a significantly higher success rate than the existing temporal spike detection method, which is employed in Persyst EEG software. This type of automatic spike detection for EEG can assist epileptologists by identifying epileptiform discharges of interest from long-term EEG recordings; however, there are limited tools available for discharge detection in the case of ISS, which is characterized by HYPS on EEG. Hence, the developed algorithm provides a novel tool to identify and quantify the presence of spikes in the presence of HYPS. The quantitative assessment of spike detection, as well as other features of HYPS is expected to allow a more accurate assessment of the relevance of EEG to clinical outcome, which is significantly important in therapy management of ISS.
